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Figure 1: We consider the problem of self-supervised learning (SSL) of image representations and show existing
SSL methods are not well grounded (columns 2-4), i.e., they fail to attend to salient image regions (see last column
for what a fully supervised model can do). We do this with a new concept called visual difference attention (VDA)
that uses feature space differences between an image and its salient-region-masked version. Next, by casting VDA
as a differentiable operation, we propose a new loss function that helps improve visual grounding (see “Proposed”)
as well as quantitative performance on multiple downstream tasks.

Abstract

Recent works in self-supervised learning (SSL) have
shown impressive results on single-object images, but
they struggle to perform well on complex multi-object
images as evidenced by their poor visual grounding. To
demonstrate this concretely, we propose visual dif-

ference attention (VDA) to compute visual atten-
tion maps in an unsupervised fashion by comparing
an image with its salient-regions-masked-out version.
We use VDA to derive attention maps for state-of-the-
art SSL methods and show they do not highlight all
salient regions in an image accurately, suggesting their
inability to learn strong representations for downstream



tasks like segmentation. Motivated by these limitations,
we cast VDA as a differentiable operation and propose
a new learning objective, Differentiable Difference
Attention (DiDA) loss, which leads to substantial im-
provements in an SSL model’s visually grounding to an
image’s salient regions. We first demonstrate this qual-
itatively with attention maps (Figure 1) and then show
DiDA’s quantitative impact with experiments on down-
stream segmentation, detection, and classification, re-
porting average precision improvements of 1.3, 1.1, and
0.8 respectively over the state of the art.

1. Introduction

With supervised machine learning algorithms rely-
ing on expensive-to-create annotated datasets, there
has been an increasing interest in self-supervised learn-
ing (SSL). In the SSL paradigm, supervisory signals to
train machine learning models come from original data
samples themselves, thereby removing the need for any
external annotations or supervision sources. In partic-
ular, recent advances have been driven by approaches
based on contrastive learning where positive pairs can
come from a variety of sources, e.g., randomly sampled
crops from an image [106, 32] or random image augmen-
tations [25, 8, 9]. Models trained in this fashion have
shown competitive results on detection, classification,
and segmentation tasks, in some cases outperforming
even their fully supervised counterparts [15, 35].

One challenge that exists in any contrastive learn-
ing setup is sampling negative pairs to prevent model
collapse. In approaches like momentum contrastive
(MoCo) learning [16] that rely on random image crops,
an implicit assumption is crops sampled from the same
image would constitute positive pairs while those from
other images would form the negatives. While this
works well for images with one object, as shown in Con-
trastive Attention-Supervised Tuning (CAST) [32], it
fails in images with multiple objects or even complex
scene images since the crops may contain different ob-
jects. Further, CAST showed that these methods suffer
from poor visual grounding with Grad-CAM attention
maps, suggesting they rely on spurious signals (e.g.,
background) to satisfy the contrastive loss objective.

To address the aforementioned issues, CAST [32]
proposes to use saliency maps precomputed in an un-
supervised fashion to constrain the sampling of crops.
However, even this would fail on images with multiple
objects from various classes. For instance, for an im-
age with two salient objects from two different classes,
the saliency random crop operation of CAST [32] can
return two crops of different classes as a positive pair
(see query/cat and key/dog in the first row in Figure
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Figure 2: Different-class crops as a positive pair (row
1) and suboptimal attention for images with different-
class objects (row 2).

2). This is because CAST constrains each crop to cover
at least 20% area of the saliency map and this can re-
sult in two crops from different classes being labeled as
a positive pair. Using these for contrastive training will
naturally lead to undesirable image representations.
To improve visual grounding of SSL. models, CAST
[32] proposes to compute the Grad-CAM attention map
with a dot product of feature vectors of two positive-
pair crops. Intuitively, this can only capture what is
“common” between the two crops and not all objects
in the image. First, given the discussion above, if the
crops belong to different classes, this would not result
in a meaningful attention map. Second, if the crops
have at least one object (from the same class) in com-
mon, the attention map would highlight only the com-
mon object and not all the objects in the image (e.g.,
see second row in Figure 2 where only car is highlighted
in “Query Attention”). CAST [32] uses this attention
map as part of an attention loss where the ground-
truth is the full-image saliency map that highlights all
salient objects (as opposed to CAST’s attention map
which highlights only the common objects), leading to
suboptimal supervision and model underperformance.

The limitations of CAST [32] identified above lead to
the principal question we seek to address in the paper-
how can we equip SSL models with the ability to learn
representations of all salient image regions so they can
be strong priors for tasks such as multi-class detection
and segmentation? To demonstrate existing SSL meth-
ods such as MoCo [16], SimSiam [8], and CAST [32]
are unable to capture all salient image regions, our first
contribution is the introduction of a new concept called
visual difference attention (VDA). Our key insight
with VDA is that a well-trained model will be able
to “attend to” all salient regions in an image. Mask-
ing out all such salient regions and computing a differ-
ence attention map between the original image and the
masked out image should tell us how well the model has
learned these regions. We illustrate this with some ex-
ample results using MoCo [16], SimSiam [3], and CAST



[32], as well as a fully supervised model (labeled “Su-
pervised”; we use DeepLabv3 [0, 7]) in Figure 1.

From Figure 1, one can note the supervised model
is able to attend well to salient image regions. This
is expected since this model was trained in a fully su-
pervised fashion and has learned a good scene prior.
This also illustrates VDA’s faithfulness in capturing a
model’s ability to attend to salient image regions. To
further substantiate this point, see the results of CAST
[32]. In the first row, as expected, CAST is able to
highlight the person well since there is only one salient
object region here. Similarly, in the second row, CAST
is able to highlight most aircraft reasonably well (recall
CAST discussion above). Note that for these cases,
even other baselines [3, 16] work reasonably well be-
cause these cases contain objects all belonging to the
same class. However, if we consider the examples of
rows 3 and 4 that have objects from multiple different
classes, CAST is not able to capture all the salient re-
gions. On the other hand, the fully supervised result
for these two examples are along expected lines. This
discussion shows that while our proposed VDA con-
cept faithfully captures the model’s ability to attend
to salient regions, in multi-object scenarios, it is inher-
ently the limitations (discussed in paragraphs above)
of techniques like CAST [32] that lead to poor ground-
ing. Consequently, we introduce a new loss function to
address these limitations, leading to the substantially
improved results under “Proposed” in Figure 1.

To take a step towards SSL models that produce
attention maps like the fully supervised ones, and con-
sequently learn stronger scene priors, our second con-
tribution builds on top of the VDA concept. We cast
VDA as a differentiable operation that relies solely on
activations produced by intermediate layers of the con-
volutional neural network (CNN) backbone, leading to
our new learning objective called differentiable dif-
ference attention (DiDA) loss. As discussed above,
since CAST [32] uses crop attention maps, it is un-
able to highlight all salient regions since the crop may
not contain all regions from the original image. On
the other hand, with VDA, we are able to compute
the model importance for all salient image regions di-
rectly and by training models with the DiDA loss, we
explitly force attention maps to be close to all salient
regions. We show some examples in column 6 (titled
“Proposed”) in Figure 1, where one can note substan-
tial improvement in visual grounding. In particular,
our results highlight all salient regions in the image
as opposed to CAST [32], addressing the key limita-
tions identified above. Further, our results are close to
the fully supervised oracle, suggesting its potential in
learning strong representations for downstream tasks.

To this end, given a model trained with DiDA, we con-
duct extensive experiments on multiple downstream
tasks including classification, detection, and instance
segmentation, and show substantial improvements over
the SSL state of the art. Our main contributions are
summarized below:

e We propose a new gradient-based visual atten-
tion computation mechanism called Visual Dif-
ference Attention to highlight all the image
salient regions SSL models attend to, and show
they are not visually well grounded, leading to a
gap in the current SSL literature.

e To address the gap above, we cast our proposed
VDA concept above as a fully differentiable op-
eration, leading to a new learning objective called
the differentiable difference attention (DiDA)
loss. By training models with the proposed DiDA
loss, we demonstrate substantial performance im-
provements with the resulting VDA maps now be-
ing able to highlight all the salient regions in an
image, leading to a strong prior for a variety of
downstream tasks/applications.

e We benchmark the quantitative impact of the
DiDA loss with multiple downstream tasks: in-
stance segmentation, detection, and classification
and report a new state of the art with average AP
improvements of 1.3, 1.1, and 0.8 respectively.

2. Related Work

Self-supervised Learning. SSL methods have
typically used the notion of pretext tasks to mine
supervisory signals from unlabeled data, including
clustering [10, 33, 37, 1, 2, 3], and reconstruction
and restoration [26, 38]. Much recent effort has also
been expended around contrastive learning and their
variants [14] with the resulting models’ performance
shown to be at par or even outperforming their
supervised counterparts [15, 35]. While He et al.
[16] used random crops from an image as positive

pairs for contrastive learning, Chen and He [9] used
random augmentations of an image to generate these
pairs. Selvaraju et al. [32] built on top of these

ideas to propose an attention-driven learning objective
to improve SSL models’ visual grounding. One key
issue with these methods, as discussed in Section 1
and Figure 1, is their inability to visually attend
to all salient regions in an image. We demonstrate
this aspect with our proposed new concept of visual
difference attention while also showing this operation
can be cast in a fully differentiable manner. This
results in a new learning objective that improves the



model’s visual grounding while also providing a strong
scene prior for a variety of downstream tasks.

Visual Attention Learning. Since the work of
Zhou et al. [10] and Selvaraju et al. [31] in computing
attention maps for fully supervised classification mod-
els, there has been much progress in gradient-based
attention learning for convolutional neural networks.
In addition to new techniques for computing visual
attention maps [4, 34, 19], much effort has also been
expended in extending gradient-based attention com-
putation to other kinds of models, e.g., metric learning
[5, 39] and generative modeling [23]. Selvaraju et
al. [32] proposed to extend this line of work to self-
supervised learning, using GradCAM [31] attention
maps to improve the visual grounding of SSL models.
However, as discussed in Section 1, since this method
used crops from an image as part of the attention loss,
the resulting attention map did not attend to all the
salient regions in the image. We address this with our
DiDA loss, and show training models with this loss
results in improved attention maps that attend to all
the salient image regions while also giving substantial
downstream quantitative improvements.

3. Approach
3.1. Visual Difference Attention

The first contribution of this paper is a method to
visually explain, with visual attention maps, the rep-
resentations learned by existing state-of-the-art SSL
models. Using this method, we show the visual ground-
ing capability of existing methods [16, 8, 32] is far from
desirable. While there is much prior work in computing
attention maps, e.g., GradCAM [31] and extensions [4]
for classification models, similarity attention for met-
ric learning models [5, 39] among others, these methods
derive their attention signals from available annotation
information (e.g., classification logits, pairs of images
from same class etc.). In our self-supervised learning
scenario, since we do not have access to such labels,
these methods cannot be used directly to compute at-
tention maps. Consequently, we propose a new tech-
nique to generate these SSL model attention maps.

Our goal is to show how well an SSL model cap-
tures all salient regions, and to this end, our key insight
is to compute the importance an SSL model assigns
to each salient region in the image when learning im-
age representations. To determine the extent to which
the model attends to a certain region in an image, we
mask that region out. Let I and I,,, be the original and
the masked images and their feature vectors computed
with a model (e.g., output of a fully connected unit) be
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Figure 3: These plots show the difference vector reflects
the difference between original and masked images.
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f € R¥ and f,,, € R¥ respectively. If the model captured
the image region that was masked out well during its
learning process, this would be reflected in the differ-
ence between the feature vectors f and f,,, because the
only difference between I and I,, is the particular re-
gion under consideration. In other words, if we take
out any image region, this should be reflected in the
model output for the modified image and this change
measures how well the model attends to this region.
To substantiate the intuition above, we conduct a
toy experiment with some images (about 400) from
a random collection of five classes (airplane, bicy-
cle, chair, dog, house) and plot a t-SNE graph (see
Figure 3) of their feature vectors computed using
DeepLabv3 [6]. Next, we randomly pick four test scene
images (different from the first set) with each having
the object of interest. For each test image, we mask
out the salient object of interest, compute the f and
£, (with DeepLabv3), calculate their difference, and
plot this on the t-SNE chart. Our expectation is the
following: if we mask out the dog region in the scene
image, the resulting difference vector should fall in a
cluster of all dog images (and not in any other clus-
ter since the difference between I and I,, will be the
salient dog region) in the t-SNE chart. This is exactly
what happens in Figure 3, e.g., in the “dog masked”
figure, the sample with the asterisk corresponds to the
difference vector and we see it is the cluster of points
corresponding to the dog class (in pink color). Similar
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Figure 4: Comparing VDA maps.

results can be observed in other cases as well.
Following the intuition and the experiment above,
we conjecture that if we consider the difference fea-
ture vector f; = f — f,,,, there will be some dimen-
sions in f; that will contribute the most to capturing
the change in the model behavior (i.e., the masked out
salient region). Note that we use the saliency maps
(computed using DeepUSPS [24] exactly like in CAST
[32]) associated with each image to determine the re-
gion (bounding box) to be masked out. Our idea is
to use these feature dimensions to calculate a signal
that can then be used to compute a difference atten-
tion map called the visual difference attention (VDA).
This VDA map will capture the change in the model
behavior and reflect the extent to which the model has
learned the masked out salient region in its represen-
tation. Let f; be a vector that retains the elements of
f; in the dimensions that contribute the most to this
model change, and zeros in all other dimensions. While
f; can be constructed with a simple thresholding oper-
ation to determine the dominant feature dimensions in
f;, we show in Section 3.2 this can be cast as a differ-
entiable operation leading to a trainable learning ob-
jective. Letting 1 € R* be a vector of all ones, we first
compute the scalar signal s = 17f;. We then calculate
the derivative of s with respect to the activation maps
A € R"™PX4 (n feature maps each of dimensionality
p x q) of the last convolutional layer in our encoder,
giving the gradient matrix with respect to each feature

map G; = 1=1,---,n. We use an average pool-

s
OA;’
ing operation (GAP) on each G; to obtain the weight
a; = GAP(G;). These weights are used to compute

the final visual difference attention map M € RP*4:

i=1

High values in the VDA map M indicate the salient
regions in the image that were attended to by a model.
If the model indeed learned to capture all salient re-
gions in an image, all those regions must have high
values in M. Since all the discussion above was ag-
nostic of the actual underlying model, we can use the
proposed VDA technique to determine how well any
SSL model attends to the salient image regions. In Fig-
ure 4, following those in Figure 1 in Section 1, we show
some sample VDA maps generated using the proposed
method with multiple existing SSL methods- MoCo
[16], SimSiam [3], and CAST [32]. One can note the
visual grounding of these SSL methods is far from de-
sirable and there is much room for improvement (none
of these methods highlight the salient image regions
accurately). Motivated by these limitations, we next
propose a new loss function that fixes these issues.

3.2. Differentiable Difference Attention Loss

Our goal is to train models so they will be able
to attend to all salient regions in an image, thereby
improving the results of existing SSL models seen in
Figures 1 and 4. As we establish in Section 4, this
leads to a model that is a better scene prior for multi-
ple downstream tasks such as multi-class classification,
detection, and segmentation. To this end, we use the
saliency map from DeepUSPS [24] just like CAST does
[32], compare it to the VDA map during training and
use the loss to update model parameters (see Figure 5).

To enable the operation above to be differentiable,
we modify the computation of the signal s in Sec-
tion 3.1 to be differentiable. We achieve this by directly
computing the dot product between the feature vectors
f and f;. Given all vectors to be normalized between
0 and 1, the resulting signal s = f/f; will capture in-
formation from feature dimensions corresponding to all
salient regions in the original image I. This is because
f; will have high values in dimensions corresponding to
the change between I and I, (that happen to be all
masked out salient regions) and multiplying this with f
will enhance the corresponding feature dimensions in f.
This will consequently give a signal that will have fo-
cused on all the feature dimensions corresponding to all
the salient regions. Given this s, our attention compu-
tation mechanism remains as in Equation 1, giving the
attention map M for the training image I. We then
use a sigmoid softening operation (helps exclude low
response regions and increases importance of the high-
response ones) to give the final attention map used in
our loss function as M = o(a(M — B)) where o(.) is
the sigmoid function and o = 16, S = 0.5 are scalars.
Given I’s saliency map S, our proposed learning objec-
tive is:
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Figure 5: Architecture of our proposed VDA and DiDA Framework.
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Figure 6: The proposed DiDA loss helps progressively improve visual grounding during training.
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where (M S) represents the inner product between

the flattened versions of M and S, and ||M||, [|S|| are
their corresponding Euclidean norms.

Upon training with this objective, the final attention
map M gets closer to the saliency map S, leading to
the model attending to all the salient image regions. To
demonstrate the impact of Lpipa, we show some quali-
tative results in Figure 6, where one can note two cases
(one in each row). From the fourth column onwards,
we show the progression of M with training epochs. In
the beginning, M does not attend to the correct salient
regions, and as training progresses, this improves.

4. Results

We conduct extensive experiments to show training
a model with our proposed DiDA loss leads to quantita-
tive improvements on several downstream tasks while
also resulting in substantial qualitative improvements
in the model’s visual attention to salient image regions.

4.1. Transfer Learning on Downstream Tasks

Our first experiment follows the same protocol as
CAST [32]- we pretrain MoCo [16] with our proposed
DiDA loss on images from the COCO dataset [22] and
then evaluate the transfer performance on PASCAL
VOC [12] and ImageNet [30] classification, PASCAL
VOC detection, and COCO [22] instance segmentation.
Full implementation details are in supp. material.

Classification: We train a linear classification layer
on top of our frozen pretrained model. For PASCAL
VOC, we train using the VOCO7 trainval split and
report mAP numbers on the test split whereas for
ImageNet-1K, we train on the ILSVRC 2012 train split
and evaluate on the val split.

PASCAL VOC Object Detection: We pretrain
a ResNet-50-C4 [18] Faster R-CNN [27, 28] model with
our DiDA loss, finetune using the trainval07+12 split,
and evaluate on the test2007 split [13].

COCO Instance Segmentation: We pretrain a
Mask R-CNN [17] model with the ResNet-50-FPN [21]
backbone with our DiDA loss, finetune it using the
trainval2017 split, and evaluate on the val2017 split.

All results for these tasks are summarized in Table
1. In addition to a direct comparison with CAST [32],
we also use these additional baselines: “Random Init”
uses a random initialization of model weights for task



Method VOCO07 clf. | IN-1k clf. | PASCAL VOC Detection COCO Instance Segmentation
mAP Top-1 acc. | APYP™ | APY°" [ APXo" | APYow [ APR™ [ APR™ | AP™F [ APsF [ APRask
Random Init - - 33.8 60.2 33.1 36.7 56.7 40.0 33.7 53.8 35.9
ImageNet Fully Sup 53.5 81.3 59.1 38.9 59.6 42.7 35.4 56.5 38.1
COCO Fully Sup 86.2 46.4 50.9 79.2 54.7 40.3 61.3 43.7 36.5 58.1 39.1
MoCo-COCO [16] 67.5 46.5 475 75.4 51.5 38.3 58.7 41.5 34.9 55.7 37.2
CAST [32] 74.0 48.7 54.2 80.1 59.9 39.4 60.0 42.8 35.8 57.1 38.6
DiDA (Ours) 74.8 49.2 54.9 80.6 61.0 40.6 61.1 44.1 37.1 58.2 39.9
Table 1: Evaluation results on downstream tasks.
Method Original | Mixed-Same | Mixed-Rand | Mixed-Next | Only-FG | No-FG | Only-BG-B | Only-BG-T

MoCo-COCO [16] 72.62 45.75 30.44 26.86 30.42 23.95 5.06 12.62

CAST [32] 77.33 54.42 39.93 37.46 43.26 23.70 4.40 12.59

DiDA 78.91 55.73 40.13 37.82 53.44 24.36 5.53 14.21

Table 2: Evaluation on Backgrounds Challenge Dataset

finetuning, “MoCo-COCO” uses MoCo [16] weights for
finetuning, and “ImageNet Fully Sup” and “COCO
Fully Sup” represent fully supervised results. Like in
CAST [32], the “Random Init” and “ImageNet Fully
Sup” models are not evaluated for the classification
task since this requires the convolutional neural net-
work backbone to be frozen. We make several obser-
vations here. The proposed DiDA loss directly and
substantially outperforms CAST on all downstream
tasks with performance improvements of 0.8 mAP,
1.1 APt and 1.3 APmask for VOCO7 classification,
VOC detection, and COCO segmentation respectively.
This result shows a model trained with our proposed
DiDA loss is able to better capture all salient im-
age regions. See also qualitative results in Figures 1
and 4 where DiDA shows substantial improvements
over CAST across multiple scenarios (e.g., row 4 in
Figure 4 where DiDA highlights all animals much bet-
ter and row 3 in Figure 1 where DiDA highlights all
person regions more clearly). Consequently, training
with DiDA leads to a better initialization point, which
in turn gives improved downstream results when com-
pared to CAST. We show additional qualitative com-
parisons to CAST and more results on other datasets
in the supplementary material.

Next, adding our DiDA loss to MoCo [16] helps
substantially improve MoCQ’s performance (e.g., 67.5
mAP on VOCO7 clf. vs. DiDA’s 74.8, 51.5 APbtor
on detection vs. DiDA’s 61.0, and 37.2 AP2%* on
segmentation vs. DiDA’s 39.9). This suggests our pro-
posed DiDA loss helps the baseline MoCo model learn
better representations that further help with these
transfer tasks. Note also substantial qualitative im-
provements in Figures 1 and 4 where with DiDA, the
model attends better to salient image regions when
compared to the baseline MoCo model [16]. Finally,
our overall numbers in some cases even outperform the
fully supervised results, e.g., DiDA’s 61.0 AP2°® on
detection vs. the COCO fully supervised result of 54.7.

Since the only difference between these two models is
the starting point (random for COCO fully supervised
and DiDA pretrained in our case), this suggests the
proposed DiDA loss, by forcing the model to attend to
all salient image regions, helps learn a stronger prior
leading to downstream performance improvements.

4.2. Evaluation on Backgrounds Challenge Dataset

To evaluate how robust our proposed DiDA loss
is to background variations, we use the backgrounds
challenge dataset [36] to conduct classification exper-
iments. The idea here to evaluate our model on im-
ages where the foreground object of interest is placed
in a variety of backgrounds (see Figure 1 in the sup-
plementary material for some example images to get
a sense of the variety in the background). In other
words, if our model attended to the correct region of
interest (foreground object), it would result in high
accuracy despite background variations. To ensure a
fair comparison with CAST [32], we use our model
trained on the ImageNet-1K dataset from above and
compute the classification accuracies shown in Table 2
on all the 8 foreground-background combinations in the
dataset. One can note from the results that a model
trained with our DiDA loss gives the highest accuracy
across all combinations, providing additional evidence
for DiDA’s improved salient-region-grounding ability.

4.3. Evaluating Visual Grounding

In addition to Figures 1 and 4, we conduct ad-
ditional experiments to provide more evidence for
grounding. First, we quantify the improvement in vi-
sual grounding obtained using the proposed DiDA loss
using the COCO val2017 split. To this end, we com-
pute VDA maps using all models: MoCo [16], SimSiam
[8], CAST [32], and our proposed method and then
binarize them by thresholding at 0.5. We then com-
pute the mean intersection-over-union (IoU) numbers
for each method by comparing the VDA maps with
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Figure 7: VDA maps of our proposed method are better priors for downstream segmentation with Grabcut. In
each method’s column, we show the VDA map prior and the resulting segmentation map.

the ground truth saliency map. The results are shown
in Figure 8 using density estimation, where one can
note substantial improvements for DiDA (the mlIoU for
DiDA is 0.29 when compared to 0.10 for CAST and
0.18 each for MoCo and SimSiam). This is due to our
model’s improved grounding to the foreground object.
See supplementary material for more results.

In our next experiment, we evaluate how strong our
attention maps can be as a prior for segmentation using
interactive algorithms like GrabCut [29]. To this end,
using data in the COCO val2017 split, we compute
VDA attention maps using all models as above. We
then use these attention maps as priors/starting points
to run the GrabCut algorithm to produce segmentation
maps, compare them to the ground truth, and compute
the mIoU numbers. Specifically, we use the high- and
low-response regions in the attention maps to label pix-
els as foreground/background prior to running Grab-
Cut (see supplementary material for details). The re-
sults are shown in Table 3 where one can note substan-
tial improvements with the proposed method (mloU
of 0.33) when compared to all other methods (mIoU
of 0.25, 0.24, and 0.11 for MoCo, SimSiam, and CAST
respectively). Since the attention maps with the model
trained with our proposed DiDA loss has much better
visual grounding to salient image regions when com-
pared to other models, DiDA’s attention maps provide
a much better foreground/background starting point
for the GrabCut algorithm, resulting in better final seg-
mentation maps. To further substantiate this point, see
Figure 10 where one can note the attention maps of the
proposed method localize salient image regions much
better, resulting in better foreground and background
seeds for GrabCut that then give better segmentation
maps. See supplementary material for more results.

MoCo | SimSiam | CAST | Proposed-DiDA
mloU 0.25 0.24 0.11 0.33

Table 3: Mean IoU for GrabCut outputs.

7] 1 DiDA
1 CAST

6 1 MoCo
1 SimSiam

0o.o 0.2 0.4 0.6 0.8 1.0
loU between VDA maps and Ground-Truth saliency map

Figure 8: Visual Grounding Quantitative Analysis

5. Summary

We considered the problem of self-supervised learn-
ing (SSL) of image representations. We first proposed
a new concept called visual difference attention (VDA)
that uses the feature vector difference between an im-
age and its salient-region-masked-out variant to com-
pute attention maps. Using them, we showed state-
of-the-art SSL models have poor grounding to salient
image regions. To address this limitation, we cast
VDA as a differentiable operation and proposed a new
loss called differentiable difference attention (DiDA).
We showed training models with DiDA leads to both
qualitatively better attention maps and quantitative
improvements on tasks such as classification, detec-
tion, and segmentation. Additionally, with other proxy
tasks like GrabCut segmentation, we showed the atten-
tion maps with our proposed loss can act as a strong
scene prior for downstream segmentation, suggesting
the model’s ability to learn strong SSL representations.
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Appendix A.
A.1. Background Challenge Dataset

The background challenge task (see Section 4.2
in main paper) seeks to evaluate the background-
robustness of the models trained for the classification
task. The idea here is to evaluate models in a variety
of scenarios by placing the foreground object of inter-
est on various different backgrounds. Figure 9 shows
examples from the dataset for different foreground-
background settings.

A.2. Implementation Details for Downstream Tasks

Classification: We train a linear classification layer
on top of our frozen pretrained model. For PASCAL
VOC, we train using the VOCO07 trainval split and
report mAP numbers on the test split whereas for
ImageNet-1K, we train on the ILSVRC 2012 train split
and evaluate on the val split. For PASCAL VOC, we
extract the 7 x 7 feature map from the last convolu-
tional layer and downsample it to a 2 x 2 map via
adaptive average pooling. We then flatten this fea-
ture map and normalize it to obtain 8192 dimensional
features. Finally, we train SVMs for every class for
costs C' € 0.01, 0.1, 1.0, 10.0, and select the best C
by 3-fold cross validation. For ImageNet-1K, we ex-
tract a 2048-dimensional feature vector from the back-
bone network and train a linear layer on these features.
We use SGD with momentum 0.9 and batch size 512
distributed across 8 Nvidia A100 GPUs. Like CAST,
we follow VirTex [11] for all other hyperparameter set-
tings.

PASCAL VOC Object Detection: We pretrain
a Faster R-CNN [27, 28] model with the ResNet-50-
C4 [18] backbone with our DiDA loss, finetune it using
the trainval07+12 split, and report accuracy metrics on
the test2007 split [13]. We train the model on 8 A100
GPUs for 24K iterations using SGD (0.9 momentum,
16 batch size, and 10~* weight decay). Like in CAST,
we start with a learning rate of 0.02, use linear warmup
for 100 iterations, and divide it by 10 at 18k and 22k
iterations.

COCO Instance Segmentation: We pretrain a
Mask R-CNN [17] model with the ResNet-50-FPN [21]
backbone with our DiDA loss, finetune it using the
trainval2017 split, and report accuracy metrics on the
val2017 split. We use a batch size of 16 and train the
model on 8 A100 GPUs. Like in CAST, we use the 2x
training schedule of Detectron2.

A.3. Additional Qualitative Results

A.3.1 Downstream Segmentation with Grab-
Cut

We provide additional qualitative results in Figure 10
to further support our claims that VDA maps obtained
using our proposed method are better priors for seg-
mentation using interactive methods such as GrabCut
(see Secion 4.3 in main paper). In each case, one can
note the attention maps of the proposed method lo-
calize salient image regions much better (e.g., more
high response coverage on the salient regions of inter-
est). Such attention maps naturally lead to better fore-
ground and background seeds for GrabCut, and con-
sequently better segmentation maps as output. Please
note these final segmentation results with our proposed
method are closer to the ground truth when compared
to other competing methods.

Implementation Details: We first compute at-
tention maps using all the baseline methods and our
proposed method. We then use these attention maps to
obtain priors/starting masks to run the GrabCut algo-
rithm. Specifically, we label pixels with high responses
in the attention maps (values greater than 0.7) as def-
initely foreground and those with low response (values
less than 0.1) as definitely background. Using such ini-
tialiazation, we run the GrabCut algorithm for all the
methods and compute the final segmentation results.

A.3.2 Additional attention maps

We present additional attention map results in Fig-
ure 11 where one can see the visual grounding with
our proposed method is substantially better when com-
pared to existing methods. We show several complex
scenarios in these examples where multiple objects are
present in each image. Even in a fairly complex exam-
ple such as the one shown in the third row, our pro-
posed method is able to well attend to all the salient
regions and outperforms all the baseline approaches.
Next, we show additional attention maps obtained
with our closest competing method, CAST [31], in Fig-
ure 12. We show results on images from both train and
test splits. As noted in Section 1 in the main paper,
CAST has several limitations and they are reflected in
these results. First, for training data, CAST shows
good performance only in cases where there’s a sin-
gle salient object/region (e.g., the dog example in row
1 and flower vase example in row 3) whereas in cases
that have more than one object, the attention maps
are far from desirable. This is because the CAST loss
compares crop attention (computed on a crop from the
full image) to a full-image saliency map and by design
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Figure 9: Sample images from background challenge dataset
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Figure 10: GrabCut qualitative results.

this does not highlight all salient regions. Due to such
suboptimal supervision, results on testing data are also
not as desired, with the model attention clearly not fo-
cused on the salient aspects in these cases.

We further show the effectiveness of DiDA by pro-
viding results for a model trained with our DiDA loss
on Openlmages dataset [20]. Please see the Table (we
outperform MoCo-v2 after pretraining with Openlm-
ages) and the attention maps in Figure 13.

A.4. Visual Difference Attention

In Section 3.1 in the main paper, we proposed the
idea of masking out a salient region in an image and
computing the difference between the resulting and the
original image to determine the importance an SSL
model assigns to this region. To substantiate this intu-
ition, we showed results of a controlled experiment in
Figure 3 (in the main paper). Here, we show the ac-
tual images used in this experiment. In Figure 14(a),

we compute the difference feature between the original
image and the dog-masked image and show the result-
ing difference vector falls into the dog cluster in the
t-SNE plot (as expected). Similarly, in Figure 14(b),
we obtain the difference feature vector from the bicycle
image and the bicycle-masked image and show it falls
into the bicycle cluster in the t-SNE plot as expected.
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Figure 11: Additional attention map results of our proposed method vs. competing baselines.



Figure 12: Additional attention map results for CAST on train and test images.

PASCAL VOC Detection
AP% | APE™ | APE™

Method

MoCo-v2 56.1 81.3 61.3

Proposed 57.7 82.5 64.3

Figure 13: Additional results for the proposed method when pre-trained on Openlmages dataset.
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Figure 14: t-SNE plot of Figure 3 in the main paper with the original and masked images shown in each case.



